This paper presents an effective approach for the optimisation of process parameters in the turning operation for machining ASTM A36 Mild Steel bar with multi-performance characteristics using multi-objective Taguchi method. Based on Taguchi orthogonal array, 27 experimental runs were performed to identify the optimal level of process parameters. The multiple performance characteristics including power consumption, surface roughness and frequency of tool vibration were the quality variables considered for the optimisation. An input-output inprocess parameter relationship model was developed using regression analysis for the power consumption, surface roughness and frequency of tool vibration. The optimum combination of machining parameters and their levels for the optimum multi-performance characteristics of the turning process was A1B1C1 (i.e. speed: 160 r.p.m, feed rate: 0.08 mm/rev and depth-of-cut: 0.1 mm). This study will be very useful to shop floor engineers in deciding the levels of the turning parameters for optimal performance characteristics.
INTRODUCTION
Turning is one of the most basic machining processes in industrial production systems. It is carried out on a lathe that provides the power to turn the workpiece at a given rotational speed and feed the cutting tool at a specified rate and depth of cut. Researchers have attempted several approaches to identify multiple process parameter settings that can increase quality at higher productivity levels, requiring the turning process to be executed more efficiently [1] [2] [3] [4] . Thus, it is of utmost important to identify the optimal parameter settings to increase tool life, improve surface accuracy, and reduce cutting force and chip thickness in turning operations. Cutting speed, feed rate, depth of cut, tool-workpiece material, tool geometry, and coolant conditions are the turning parameters that highly affect the performance [5] [6] [7] [8] . Turning produces three cutting force components: the main cutting force i.e. thrust force, (FZ), which is produced in the cutting speed direction; feed force, (FX), which is produced in the feed rate direction; and radial force, (FY), which is produced in radial direction and normal to the cutting speed). Out of the three force components, the cutting force (main force) constitutes about 70% to 80% of the total force 'F' and is used to calculate the power 'P' required to perform the machining operation. Power is the product of main cutting force and the cutting velocity and is a better criterion for design and selection of any machine tools. Power consumption may be used for monitoring the tool conditions [9] [10] [11] [12] . Many researchers and practitioners have studied the effects of optimal selection of machining parameters in turning.
Anthony [13] has demonstrated the Taguchi quality loss function based on multiobjective optimisation technique for manufacturing processes with an example of the electronic assembly process and found considerable improvement in multiple quality characteristics in comparison to single quality characteristics. Multi-objective Taguchi method (MTM) approach has been used for the optimisation of the laser beam cutting process by Dubey and Yadava [14] . The authors found that quality characteristics were improved considerably. Sometimes, scientific methods based on Taguchi orthogonal array were used [15] . This method can analyse and provide optimum parameters for a given set of independent parameters and a response variable. Fong and Chen [16] presented an approach to optimise the process parameters in the turning of tool steels. They performed Taguchi experiments with eight independent parameters that included cutting speed, feed, and depth of cut, coating type, type of insert, chip breaker geometry, coolant, and band nose radius. The optimum turning parameters were determined based on grey relational grade that maximised the accuracy and minimised the surface roughness and dimensional precision. Several researchers and practitioners have applied grey relational analysis (GRA) to different machining processes that included electric discharge machining [17] , determining tool condition in turning [18] , chemical mechanical polishing [19] , side milling [19, 20] , and flank milling [21] to compare the performance of diamond tool carbide inserts in dry turning [22] , and optimisation of drilling parameters to minimise surface roughness and burr height [23] . Lin [24] used grey relational analysis to optimise turning operations with multiple performance characteristics and analysed the tool life, cutting force, and surface roughness in turning operations. Al-Refaie et al. [25] applied the Taguchi method grey analysis (TMGA) to determine the optimal combination of control parameters in milling and measuring the machining performance such as the material removal rate and surface roughness. Based on the ANOVA, it was found that the feed rate was significant to the control parameters for responses. The machining parameters are usually selected based on either the experience or the proposed guidelines of the manufacturers. This selection procedure does not lead to the optimal and economically effective use of the machines and the quality of the surface generated. Hence, there is a necessity for a simple and effective experimental method for a multi-objective optimisation problem [11, [26] [27] [28] [29] [30] .
The purpose of this paper is to present the application of multi-objective Taguchi method in selecting optimum turning conditions on multi-performance characteristics, namely the power consumption, surface roughness and frequency of tool vibration. In addition, significant controllable process parameters which affect the multi-performance characteristics in the turning process were determined. Further mathematical models were developed from the experimental results which were used in the quantification of power consumption, surface roughness and frequency of tool vibration. Thus, the results can be used by engineers willing to identify an optimal solution of the turning operation of ASTM A36 Mild Steel bar.
METHODS AND MATERIALS

Experimental Setup
The experiments were carried out on an experimental lathe setup. The workpiece material was ASTM A36 Mild Steel bar of 24 mm in diameter. The cutting tool was HSS MIRANDA S-400 (AISI T -42). The composition percentage of the workpiece material is listed in Table 1 . In the present experimental study, spindle speed, feed and depth of cut were considered as machining parameters. The machining parameters with their units and their levels as considered for experimentation are listed in Table 2 . Flowchart of the methodology used is shown in Figure 1 . Table 3 shows the specifications of the Panther Lathe machine. This machine has been manufactured with a view to obtain the highest degree of working accuracy and it has been thoroughly tested for its performance to confirm IS 11118-1984, IS 1878(part -I)-1971. 
Measurement of Quality Responses
After cutting all the specimens, the roughness of the cut surface was measured by utilising the Mar Surf PS1 surface roughness tester. Arithmetic mean roughness (Ra) was utilised as the surface finish parameter to demonstrate the surface quality of the machined specimens. Cutting forces were measured using the Lathe tool dynamometer and cutting tool vibration was measured using the PicoScope 2202. The power to perform machining can be computed from P = Fc×V, where, P = cutting power, Fc = cutting or tangential force [this force is in the direction of primary motion. It constitutes about 70~80 % of the total force] and V = cutting speed. Dynamometer is a cutting force measuring instrument used to measure the cutting forces coming on the tool tip on the Lathe Machine. The sensor is designed in such a way that it can be rigidly mounted on the tool post and the cutting tool can be fixed to the sensor directly. This feature will help to measure the forces accurately without loss of the force. The sensor is made of a single element with three different wheat stones strain gauge bridge. Provision was made to fix 1/2" size tool bit at the front side of the sensor. Capacity :X,Y,Z-Force500kg Excitation 10Vdc Linearity :2% Accuracy 2% Cross-Sensitivity 5% Max. Over Load : 150
Taguchi and Multi-objective Taguchi Method
Taguchi's robust design is a simple, systematic and more efficient technique for optimising the process parameters [32] . In this method, the main parameters which are assumed to have influence on the process results are located at different rows in a designed orthogonal array (OA). With such arrangement, completely randomised experiments can be conducted. An advantage of the Taguchi method is that it emphasises a mean performance characteristic value close to the target value rather than a value within certain specification limits, thus improving the product quality. Experimental conditions, cutting force and calculated power is presented in Table 4 .In this present work, optimisation of welding operations using Taguchi's robust design methodology with multiple performance characteristics is proposed. In order to optimise the multiple performance characteristics, the Taguchi parametric design approach was not applied directly, since each performance characteristic may not have the same measurement unit (AISI T -42).
Turning parameters
Spindle speed Feed Depth of cut
Performance parameters
Power consumption Surface roughness Frequency of tool vibration
Taguchi Multi-Objective method
Empirical modelling of machining parameters for turning operations using multi-objective Taguchi method
and of the same category in the S/N ratio analysis. Therefore, to solve problems of this kind, steps 1-3 were followed first, and then the traditional Taguchi technique for single response optimisation was performed. Table 4 . Experimental conditions, cutting force and calculated power.
Step 1: The loss function was normalised corresponding to each performance characteristic as follows-
where, ij y is the normalised quality loss associated with the ith quality characteristic at the jth trial condition, and it varies from a minimum of zero to a maximum of 1. Lij is the quality loss or MSD for the ith quality characteristic at the jth trial, and Li* is the maximum quality loss for the ith quality characteristic among all the experimental runs.
Step 2: A weighting method was applied to determine the importance of each normalised loss function. The total normalised quality loss function Yj in the jth experiment is given under: (2) where, Wi represents the weighting factor for the ith quality characteristic and k is the total number of quality characteristics.
Step 3: In multi-objective optimisation, a single overall S/N ratio for all quality characteristics is computed in place of separate S/N ratios for each of the quality characteristic. This overall S/N ratio is known as multiple S/N ratio (MSNR). The total loss function was transformed into a multiple S/N ratio (MSNR) as follows:
Based on the multiple S/N ratio (MSNR), the optimal factors or level combination were determined like the traditional Taguchi technique. Finally, the optimal process parameters were verified through the confirmation experiment. Usually, there are three categories of quality characteristics in the analysis of S/N ratio: nominal the better, the lower the better and the higher the better. The summary statistics ƞ (dB) of the HB performance characteristics is expressed as follows: 
where i=1, 2 ….n
RESULTS AND DISCUSSION
Multi-objective optimisation From Table 5 , quality loss values for different quality characteristics (smaller-is-better for power consumption, frequency of tool vibration and also for surface roughness) in each experimental run were calculated using Eqs. (4). These quality loss values are shown in Table 6 . The normalised quality loss values for all the quality characteristics in each experimental run have been calculated using Eq. (1) as shown in Table 7 . The total normalised quality loss values (TNQL) and MSNR for multiple quality characteristics for power consumption, frequency of tool vibration and also for surface roughness have been calculated using Eqs. (2) and (3), respectively [11] . These results are shown in Table 8 .
In calculating the total normalised quality loss values, three unequal weights, w1= 0.4 for power consumption, w2= 0.4 for surface roughness, and w3=0.2 for frequency of tool vibration were used. Higher weighting factor was assigned to the power consumption and also for surface roughness because it is more important compared to the frequency of tool vibration in order to achieve good quality in the turning process. The effect of different control factors on MSNR is shown in Table 9 . The optimum set of parameters was A in the first level, B in the first level, and C in the first level respectively (A1B1C1). 
Confirmation test
After obtaining the optimal level of the machining parameters, the next step was to verify the improvement of the performance characteristics using this optimal combination. The confirmation experiment was performed by conducting a test with a specific combination of the factors and levels previously evaluated. Then, the predicted value of MSNR ( ̂) at the optimum parameter levels was evaluated by using the following equation:
where is the mean MSNR of all experimental runs, ̅ is the average MSNR at the optimum level and o is the number of machining parameters that significantly affects the multiple performance characteristics.
Finally, experiments were conducted by using the best process parameters for optimum performance characteristics, and the mean results are presented in Table 10 . Hence, using the present approach, turning of ASTM A36 Mild Steel was successfully optimised for power consumption, frequency of tool vibration and also for surface roughness. Improvement in multiple S/N ratio = 0.381337 dB Table 11 . Log transformed for process parameters. Regression Analysis of Performance Characteristics Regression analysis [22] for power consumption (Pc), surface roughness (Ra) and frequency of tool vibration (fv) of the materials was obtained by using the statistical software MINITAB 13. The correlations were formed for process parameters by assuming a log transformed response variable and are listed in Tables 11 and 12 . The following model was assumed for the best curve fitting:
where, Y is the performance characteristics and β0, β1, β2, β3 are regression coefficients. Table 12 . Log transformed for performance characteristics.
Quantification of power consumption
The regression analysis results for power consumption are presented in Table 13 , which yielded the correlation between the power consumption and process parameters.
ln (Pc) = 1.66 + 0.960 ln(N) + 0.872 ln (f) + 1.11 ln (doc)
The above equation can also be expressed in exponential form as follows: Quantification of surface roughness Similarly, the regression analysis results for surface roughness are presented in Table 14 which yielded the correlation between the surface roughness and process parameters. 
The above equation can also be expressed in exponential form as follows: 
Quantification of Frequency of Tool Vibration
The regression analysis results for frequency of tool vibration are presented in Table 15 which yielded the correlation between the frequency of tool vibration and process parameters.
ln (f.v) = 5.13 + 0.208 ln(N) + 0.125 ln (f) + 0.122 ln (doc)
The above equation can also be expressed in the exponential form as follows: The regression analysis Eqs. (8), (10) and (12) determined the value of power consumption, surface roughness and frequency of tool vibration respectively for the turning of ASTM A36 Mild Steel. This would serve as a useful guide for selecting the proper values of process parameters to obtain the desired power consumption, surface roughness, and frequency of tool vibration of the turned product. It can be seen from Table 16 that p-values for the response power consumption, surface roughness and frequency of tool vibration were less than 0.05, which showed that they were significant. Also, the values of R-sq (adj) were more than 90%, which indicated a good fit. It confirmed that the model has adequately described the observed data. Table 16 . ANOVA for power consumption, surface roughness and frequency of tool vibration.
CONCLUSIONS
In this paper, an attempt has been made for the optimisation of the turning process of mild steel with multi-performance characteristics based on the combined full factorial design of experiments and Grey relational analysis. Based on the results of the present study, the following conclusions are drawn:  The optimum combination of turning parameters and their levels for the optimum multi-performance characteristics of turning process was A1B1C1 (i.e. speed-160 r.p.m., feed rate-0.08 mm/rev and depth-of-cut-0.1 mm).  Among the tested parameters, the feed rate showed the strongest correlation to power consumption and surface roughness.  Confirmation test results proved that the determined optimum condition of turning parameters satisfied the real requirements.
Regression models correlating power consumption, surface roughness and frequency of tool vibration with process parameters have also been obtained. These equations provide a useful guide for setting proper values of turning parameters as to obtain the desired power consumption, surface roughness and frequency of tool vibration. Further into the future, researchers might attempt to consider the other performance criteria, such as tool wear, surface morphology of machined surface, MRR etc. as output parameters.
